Leptospirosis is a global zoonotic disease that the transmission is driven by complex geographical and temporal variation in demographics, animal hosts and socioecological factors. This results in complex challenges for the identification of high-risk areas.
| INTRODUC TI ON
Leptospirosis is a zoonotic disease of major public health and animal health importance caused by pathogenic spirochete belonging to the genus Leptospira that is common in tropical and subtropical countries (Bharti et al., 2003; Faine, Adler, Bolin, & Perolat, 1999) .
Annually worldwide, it is estimated that at least 1 million human cases and 58,900 deaths occur leading to the loss of approximately 2.9 million disability-adjusted life-years (DALYs) Torgerson et al., 2015) . In animals, Leptospira infection can lead to reproductive failure in livestock (e.g., abortion, premature progeny, stillbirths, infertility and foetal mummification), decreased milk production and systemic illness, which may be fatal and cause significant economic losses (Donahue, Smith, Poonacha, Donahoe, & Rigsby, 1995; Ellis, 2015; Martins et al., 2012) . Hence, it is imperative to improve the delivery of disease control strategies in both human and animals.
Leptospirosis transmission is driven by a complex interaction of environmental, socioeconomic, demographic and individual determinants which result in considerable geographical and temporal variation in infection risk (Lau, Smythe, Craig, & Weinstein, 2010; Mwachui, Crump, Hartskeerl, Zinsstag, & Hattendorf, 2015) . Infection may occur through contact with infected reservoir animals urine and tissues or with Leptospira-contaminated soil or water. More than 300 serovars of Leptospira spp., categorized into 25 serogroups, have now been identified worldwide (Levett, 2001 ). There are 10 pathogenic species and five intermediate species which occasionally cause mild clinical manifestations (Xu et al., 2016) . A wide range of animals including domestic (e.g., livestock and companion animals), wildlife and rodents have been identified as Leptospira carriers (Adler & de la Pena Moctezuma, 2010; Haake & Levett, 2015) .
The incidence of leptospirosis is geographically and temporally varied, and it is strongly associated with climatic, environmental and local socioeconomic factors (Cosson et al., 2014) . Higher incidence is reported in tropical, humid and temperate regions, especially during the wet season, disproportionately affects deprived populations both in rural and urban areas . Numerous leptospirosis outbreaks, particularly in urban setting, are often linked with severe flooding resulting from heavy rainfall or cyclones (Amilasan et al., 2012; Dechet et al., 2012; . In rural areas, leptospirosis is closely correlates with agricultural processes such as rice harvesting and livestock husbandry (Ellis, 2015; Prabhakaran, Shanmughapriya, Dhanapaul, James, & Natarajaseenivasan, 2014) .
Ecological degradation of living conditions due to rapid population growth and urbanization coupled with climate change is considered to be some of the most important driving forces behind current and future leptospirosis outbreaks (Lau et al., 2010) .
The complexity in transmission pathways for leptospirosis constitutes a major challenge for control strategies, especially in remote and poor resource endemic areas. There is a need to develop accurate and cost-effective tools to improve existing surveillance and strengthen control strategies. Geographic information systems (GIS), remote sensing (RS) and geospatial statistics tools have now been greatly enhanced and used in public health studies and have the potential to improve disease epidemiology and control. In order to gain more values from such tools, the present paper is aimed to comprehensively review the use of spatial analytical methods in leptospirosis studies to help improve research designs and lay foundation for further leptospirosis studies to support more effective surveillance and control programs. As leptospirosis transmission strongly involves interdependent interaction between animals, human and environment (Rabinowitz et al., 2013) , in this paper, we focused on how spatial and temporal approaches have been used in leptospirosis studies of both animals and humans. Future research directions on the application of spatial and temporal analysis in leptospirosis are also discussed.
| MATERIAL S AND ME THODS

| Search strategy
Using standard systematic review and meta-analysis (PRISMA) guidelines (Moher, Liberati, Tetzlaff, Altman, & The Prisma Group, 2009 ), we searched PubMed, Web of Science, EMBASE, Scopus, SciELO and Zoological Record for peer-reviewed articles published until 31 October 2018. In order to identify other relevant articles not captured by our initial searches, we manually searched the reference lists of included articles (Hopewell, Clarke, Lefebvre, & Scherer, 2007) . To retrieve relevant articles, we used a combination of the following search terms: "spatial," "spatial and temporal," "geographical information system," "mapping," "remote sensing," "prediction," "outbreak," "cluster" and "leptospirosis" (Supporting Information Table   S1 ). No restrictions on language or publication date were applied.
All articles retrieved from the databases were stored and checked for duplicates using EndNote™ (Thomson Reuters, Philadelphia, PA, USA) reference manager. All unique titles and
Impacts
• The increase trends in the utilization of spatial epidemiological approaches in the field of human and animal leptospirosis demonstrating the importance of spatial analytical framework to provide better knowledge on disease aetiology and prediction models.
• The value of evidence is greatly depends on the quality of the epidemiological data and the selection of risk factors and spatial analytical techniques.
• General framework on the use of spatial analytical tools is developed to provide guidance for future works and to improve the usefulness of such tools to support leptospirosis control.
abstracts (when available) were screened to identify relevant publications that met inclusion criteria by one reviewer (PWD). Full review was then applied to all articles available in full text for eligibility by two authors (PWD and RJSM). Eligible articles were grouped into three categories: studies that used data on (a) human, (b) animal or (c) both human and animal infection.
| Inclusion and exclusion criteria
Studies were eligible for inclusion if they applied one or more spatial analysis techniques including visualization (defined as mapping leptospirosis infection data to illustrate spatial patterns of disease distribution), exploration (defined as applying statistical tools to analyse such patterns, including whether the infection data were clustered or random) and modelling (e.g., utilize spatial and non-spatial data to explore associated risk factors for infection, to quantify spatial variation in risk and to develop spatial and/or temporal predictive models).
Papers were excluded if: (a) abstract or full paper not available; (b) experimental design studies, case series or case reports, studies on the genetic characterization of Leptospira spp. without involving spatial analyses; (c) ecological or environmental surveys associated with animal reservoirs without providing Leptospira infection data; (d) non-spatial studies; (e) studies that dealt with seasonality with no further attempt to develop temporal predictive models; or (f) short communications, conference proceedings, commentaries, review articles, books or book sections.
| Data extraction
For each eligible article, we extracted and summarized data on study location, year of publication, study design (e.g., cross-sectional, case-control, cohort), leptospirosis epidemiological data (e.g., human, animal or both) and diagnostic methods used, study objective (e.g., disease mapping, detect clustering, spatial and/or temporal modelling), spatial and/or temporal analysis methods (e.g., visualization, exploration, modelling), predictors (e.g. environmental, climatic, socioeconomic, demographic) and outcomes (e.g. maps, findings).
| RE SULTS
| General characteristics of studies included in the review
A total of 1,468 records were identified from six databases, and 23 additional records were identified through manual searches from bibliographic lists of included papers. A total of 690 unique records remained after the removal of 778 duplicates. A total of 263 papers published until October 2018 met our inclusion criteria were included for full-text review. After full-text review, a total of 115 articles from 41 countries were finally included in our systematic review (Figure 1 ). The trend in number of publications reporting the use of spatial and temporal approaches to understand the epidemiology of human and/or animal leptospirosis has been increasing with most F I G U R E 1 Search and selection process based on PRISMA framework The majority of leptospirosis studies were reported from the Americas, especially in Brazil (24.61%, n = 16/65) for human leptospirosis studies and the USA (28.20%, n = 11/39) for animal leptospirosis studies (Figure 3 ). Studies using both human and animal infection data were conducted in eight countries, mainly in Southeast Asia (45%, n = 5/11), including Thailand, Indonesia and the Philippines.
From the total of 115 eligible articles, 106 (92.17%) studies in 37 countries dealt with spatial analyses which included visualization (90.56%, n = 97/106), exploration (33.01%, n = 35/106) and modelling (47.16%, n = 50/106). However, nine articles applied temporal or time-series modelling techniques as tools to predict human (n = 7) and animal (n = 2) leptospirosis incidence. Among those studies that included spatial analysis, few studies (15.09%, n = 16/106) conducted visualization, exploration and modelling concurrently (Della Rossa et al., 2016; Gracie, Barcellos, Magalhaes, Souza-Santos, & Barrocas, 2014; Table S2 ).
| Leptospirosis infection data sources, case definitions and diagnostic tests
Leptospirosis infection data were mostly obtained from national notification system (45.21%, n = 52/115), medical records or laboratory databases (include hospital admission database) (22.60%, n = 26/115). Only 40 studies (34.78%, n = 40/115) used infection data generated by surveys. Most studies were cross-sectional (86.95%, n = 100/115), few were case-control studies (6.08%, n = 7/115) (Ghneim et al., 2007; Hennebelle, Sykes, Carpenter, & Foley, 2013; Raghavan, Brenner, Higgins, Van der Merwe, & Harkin, 2011; Raghavan, Brenner, Harrington, Higgins, & Harkin, 2013; Suryani, Pramoedyo, Sudarto, & Andarini, 2016; Ward, 2002a; Ward, Guptill, & Wu, 2004) , and only six studies (5.21%) employed a prospective cohort design (Deshmukh et al., 2018; Hagan et al., 2016; Ko, Galvão Reis, Ribeiro Dourado, Johnson, & Riley, 1999; Ledien et al., 2017; Mišić-Majerus, 2014; Reis et al., 2008) .
In terms of diagnostic approaches, human infection data used were most commonly based on microscopic agglutination test (MAT) F I G U R E 2 Number of included articles in the review classified by time period. Articles were grouped into three categories based on the epidemiological data used: human, animal and both human and animal infection data. The use of spatial analytical methods in the field of leptospirosis appears to grow since 1970s [Colour figure can be viewed at wileyonlinelibrary.com] F I G U R E 3 Distribution of selected papers on spatial and/or temporal analysis of human leptospirosis (a), animal leptospirosis (b) and both human and animal leptospirosis (c) [Colour figure can be viewed at wileyonlinelibrary.com] (50.76%, n = 33/65), enzyme-linked immunosorbent assay (ELISA) (33.84%, n = 22/65) or polymerase chain reaction (PCR) (13.84%, n = 9/65). Eleven studies used culture in combination with serological tests or PCR to diagnose human infection (Biscornet et al., 2017; Desvars et al., 2011; Jansen et al., 2005; Pijnacker et al., 2016; Rood, Goris, Pijnacker, Bakker, & Hartskeerl, 2017; Slack, Symonds, Dohnt, Corney, & Smythe, 2007; Slack, Symonds, Dohnt, & Smythe, 2006; Soares et al., 2010; Suwanpakdee et al., 2015; Tassinari et al., 2008; Weinberger, Baroux, Grangeon, Ko, & Goarant, 2014) . As with human studies, the majority of animal studies also used MAT (53.84%, n = 21/39) to determine animal infection status, and three studies used ELISA only (Miyama et al., 2018; Pijnacker et al., 2016; Soares et al., 2010) . Eight studies used culture in combination with serological tests or PCR.
Thirty-one (47.69%, n = 31/65) human leptospirosis studies, four studies (10.25%, n = 4/39) on animal leptospirosis and four studies (36.36%, n = 4/11) that used animal and human infection data did not clearly describe the case definitions of leptospirosis infection.
And, 28 studies did not specifically describe the diagnostic techniques used.
| Mapping the geographical distribution of leptospirosis
| Mapping human leptospirosis data
Most spatial studies (96.55%, n = 56/58) produced human infection maps and most (73.21%, n = 41/56) utilized data obtained from the national disease surveillance notification systems. Maps were produced to depict incidence or prevalence in certain administrative areas (48.21%, n = 27/56) (Schneider et al., 2017) , national (n = 11) (Gonwong et al., 2017; Jansen et al., 2005; Massenet, Yvon, Couteaux, & Goarant, 2015; Robertson et al., 2012; Rood et al., 2017; Schneider et al., 2012; Shi, Tu, & Li, 1995; Stevens, Carter, Kiep, Stevenson, & Schneeweiss, 2011; van Alphen et al., 2015; Zhao et al., 2016) or sub-national scales (n = 15) (Barcellos, Lammerhirt, de Almeida, & dos Santos, 2003; Barcellos & Sabroza, 2000; Chaiblich, Lima, Oliveira, Monken, & Penna, 2017; Garcia-Ramirez et al., 2015; Gracie et al., 2014; Herbreteau et al., 2006; Lau, Skelly, Dohnt, & Smythe, 2015; Mišić-Majerus, 2014; Mohammadinia, Alimohammadi, & Saeidian, 2017; Mohd Radi et al., 2018; Myint et al., 2007; Schneider et al., 2015; Soares et al., 2010; Vega-Corredor & Opadeyi, 2014) . Twelve studies used Kernel density estimation technique (Chaiblich et al., 2017; Cook et al., 2017; de Melo et al., 2011; Deshmukh et al., 2018; Filho et al., 2014; . Lau, Skelly, Smythe, Craig, & Weinstein, 2012 Mohd Radi et al., 2018; Reis et al., 2008; Rood et al., 2017; Tassinari, Pellegrini Dda, Sabroza, & Carvalho, 2004; Vega-Corredor & Opadeyi, 2014) Seroprevalence maps were produced by three studies (5.35%, n = 3/56) based on ELISA (Gonwong et al., 2017) or MAT Lau et al., 2016) . Seropositivity maps were created based on serological (MAT) data collected from the field surveys . Six studies mapped the distribution of predominant serovars identified from field studies Lau et al., 2015; Myint et al., 2007; Slack et al., 2007) . No serogroup or serovar distribution maps at regional and global scale were reported. Spatial and temporal maps were created (21.42%, n = 12/56) (Baquero & Machado, 2018; GarciaRamirez et al., 2015; Gracie et al., 2014; Hagan et al., 2016; Lau et al., 2015; Robertson et al., 2012; Soares et al., 2010; Sulistyawati, Nirmalawati, & Mardenta, 2016; Suwanpakdee et al., 2015; Tassinari et al., 2008 Tassinari et al., , 2004 van Alphen et al., 2015) to illustrate changes in distribution (Della Rossa et al., 2016; Gracie et al., 2014; Lau et al., 2015; Schneider et al., 2012; Soares et al., 2010; Sulistyawati et al., 2016; Suwanpakdee et al., 2015; Tassinari et al., 2008 Tassinari et al., , 2004 or disease rates/risks (Baquero & Machado, 2018; Garcia-Ramirez et al., 2015; Hagan et al., 2016; Robertson et al., 2012; Suwanpakdee et al., 2015; van Alphen et al., 2015) or burden in terms of disability-adjusted life-years (DALYs) (Dhewantara et al., 2018) . One set of subnational spatial and temporal maps describing changes in serovar-specific cases was produced at state level in Australia (Lau et al., 2015) . Summary of the studies on mapping leptospirosis is provided Supporting Information Tables S3 and S4.
| Mapping animal leptospirosis data
Thirty-three studies used mapping approaches to describe spatial heterogeneity in incidence/prevalence, serostatus or distribution of Leptospira infections among various reservoir animals including companion animals, livestock, rodents and wildlife. Few studies created prevalence maps at national (2.94%, n = 1/34; Suwancharoen et al., 2016) or subnational (14.70%, n = 5/34; Filho et al., 2014; Hesterberg et al., 2009; Machado et al., 2016; Silva et al., 2018; Scolamacchia et al., 2010) levels. The infection data of companion animals (e.g., dogs) were obtained commonly from laboratory databases/medical records deposited at veterinary clinics (32.35%, n = 11/34). Serovarspecific prevalence in livestock was mapped (8.82%, n = 3/34) in Australia (Elder, McKeon, Duncalfe, Ward, & Leutton, 1986; Elder & Ward, 1978) and Japan (Miyama et al., 2018) . Livestock, rodents or wildlife animal infection data were often collected from animal sampling. Few studies reported the use of Kernel density risk maps (n = 2; Filho et al., 2014; Hashimoto et al., 2015) and suitability maps (n = 1; Dobigny et al., 2015) . No spatial and temporal maps for animal leptospirosis were reported.
| Mapping human and animal infection data
Eleven articles used both human and animal infection data Fonzar & Langoni, 2012; Hurd, Berke, Poljak, & Runge, 2017; Pijnacker et al., 2016; Sumanta, Wibawa, Hadisusanto, Nuryati, & Kusnanto, 2015; Villanueva et al., 2014; Widiastuti, Sholichah, Agustiningsih, & Wijayanti, 2016) , but only 64% (n = 7/11) of studies incorporated both human and animal infection data into their maps. One study created a national-level seroprevalence map for both human and animals (Chadsuthi et al., 2017) . At the subnational level, six studies mapped the geographic codistribution of serogroups (Assenga et al., 2015; Villanueva et al., 2014) or Leptospira seropositivity (Cipullo & Dias, 2012; Fonzar & Langoni, 2012; Sumanta et al., 2015; Widiastuti et al., 2016) in both human and animals. No maps have been produced on TA B L E 1 Summary of approaches used to measure spatial clustering in human, animal and both human-animal leptospirosis studies describing spatial and temporal changes in risks that were identified in this group of study.
| Exploratory analysis: detecting spatial autocorrelation and disease clustering
| On studies that used human infection data
A wide range of classic global and local spatial clustering analyses were used to investigate large-scale and small-scale variations in patterns of disease distribution (Table 1; Supporting Information Table   S5 ). Eight studies used global Moran's I to test spatial clustering on areal data (Cook et al., 2017; Della Rossa et al., 2016; Goncalves et al., 2016; Gracie et al., 2014; Mohammadinia et al., 2017; Rood et al., 2017; Soares et al., 2010; Suryani et al.., 2016) . Two studies analysed clustering of point data by using global Moran and average nearest neighbour methods (Mohd Radi et al., 2018; Suryani et al., 2016) .
While Knox test was used to assess global spatial clustering of the leptospirosis over space and time (Bennett & Everard, 1991 Hassan & Tahar, 2016; Suwanpakdee et al., 2015) . Both global and local tests for clustering were only applied in few number of studies (14.28%; n = 3/21; Rood et al., 2017; Soares et al., 2010) .
Locating the high-risk clusters across space, seven studies used SaTScan (Kulldorff & Nagarwalla, 1995) at national (Gutierrez & Martinez-Vega, 2018; Massenet et al., 2015; Robertson et al., 2012) and subnational scale (Deshmukh et al., 2018; Sulistyawati et al., 2016; Tassinari et al., 2008) . The maximum circular spatial window was often set at 50% (Gutierrez & Martinez-Vega, 2018; Massenet et al., 2015; Sumanta et al., 2015) of the population at risk. The temporal window used ranged from 30 days (Tassinari et al., 2008 ) to 1 year (Massenet et al., 2015) although five studies did not explicitly define spatial or temporal windows (Deshmukh et al., 2018; Robertson et al., 2012; Sulistyawati et al., 2016) .
| On studies that used animal infection data
Eleven articles tested for global or local spatial clustering on the animal infection data. Few studies applied both global and local tests (n = 2; 
| On studies that used both human and animal infection data
Only one study explored spatial pattern of both human and animal infection data. This study used a variety of spatial clustering methods including Moran's I and Geary's c as well as employing several different cluster detection techniques using SaTScan and FlexScan software (Hurd et al., 2017) .
| Modelling risk of leptospirosis infection and spatial risk prediction
| Modelling risk of human infection
Thirty-one studies (53.44%, n = 31/58) quantified the effect of a set of selected explanatory variables on leptospirosis incidence/prevalence, at national-level (n = 15/31)) and subnational level (n = 17/31; Table 2 ). The summary of studies on modelling leptospirosis risk was detailed in Supporting Information Table S6 . Most studies assessed the association between environment (e.g., land use, altitude, flood risk; n = 29/31) or climatic factors (e.g., precipitation; n = 18/31) and Table S7 ). A recent study proposed the use of Modified NDWI to estimate the risk of Leptospira infection following flood (Ledien et al., 2017) .
About half of modelling studies included host-related variables such as the presence of animals (e.g., rodents, pigs, dogs, livestock) or animal population size or density into the models (Cook et al., 2017; Dozsa, Monego, & Kummer, 2016; Hagan et al., 2016; Lau et al., 2016; Mayfield, Smith, et al., 2018; Reis et al., 2008; Schneider et al., 2012; Suwanpakdee et al., 2015; Zhao et al., 2016) .
Animal host data were collected either from animal surveys (e.g., trapping), livestock census data or from publicly available GIS databases (e.g., Food and Agricultural Organization, FAO-GeoNetwork).
Twenty-one studies (67.74%, n = 21/31) included socioeconomic variables (e.g., population density, income, agricultural production and urbanization) into their models. Population density (Ledien et al., 2017; Zhao et al., 2016) and socioeconomic indicators (e.g., GDP
or poverty rate) (Baquero & Machado, 2018; Mayfield, Smith et al., 2018; Schneider et al., 2015; Zhao et al., 2016) were the most common predictors included in the models. Individual-level variables (e.g., age, gender, occupation, education, behavioural risk or ethnicity) were incorporated in 16 out of 29 (55.17%) studies.
Traditional regression analyses were the most common statistical modelling technique used to quantify the association between these variables and leptospirosis incidence/prevalence (Table 2) . Simultaneous autoregressive models (n = 1; Rood et al., 2017) and boosted regression tree (BRT) models (n = 1; Ledien et al., 2017) were also reported. To address the spatial non-stationarity of relationships between the spatial distribution of leptospirosis incidence and environmental and sociodemographic factors, five studies applied geographically weighted regression (GWR; Mohammadinia et al., 2017; Mohd Radi et al., 2018; Vega-Corredor & Opadeyi, 2014; Widayani, Gunawan, Danoedoro, & Mardihusodo, 2016) . Two studies used ecological niche modelling using MAXENT (Zhao et al., 2016) and Genetic Algorithm for Rule-set Production (GARP) (Sanchez-Montes et al., 2015) at a national scale (Sanchez-Montes et al., 2015; Zhao et al., 2016) , and three studies applied a Bayesian approach to their analyses (n = 3; Baquero & Machado, 2018; Hagan et al., 2016; Reis et al., 2008) .
In addition, the spatially-explicit Bayesian Networks (BNs) have been introduced by one Fijian study (Mayfield , Smith, et al., 2018 ).
Overall, only two studies completely constructed spatially structured models (n = 2/31) Rood et al., 2017) in which model parameters were estimated (SAR and logistic regression, respectively), global and local spatial autocorrelation in the residuals of the models were tested (using global Moran's I and semivariogram), and spatial predictive maps were generated.
| Modelling risk of animal infection
Seventeen studies (43.36%, n = 17/39) conducted in six countries assessed the association between incidence (n = 7; Ghneim et al., 
F I G U R E 4
Covariates included in the models and the proportion of studies that incorporated those variables. Land use/land cover (e.g., NDVI, type of residence, presence of paddy field), precipitation, altitude, presence of animals reservoir, population density and poverty were the most common predictors included in the models to estimate risk of leptospiral infection [Colour figure can be viewed at wileyonlinelibrary.com] al., 2012) with various predictors at national (n = 6) and subnational (n = 9) levels. As with human studies, the effect of physical environmental (64.70%, n = 11/17; Alton et al., 2009; Biscornet et al., 2017; Elder et al., 1986; Ghneim et al., 2007; Ivanova et al., 2012; Raghavan et al., 2011; Raghavan et al., 2013; Silva et al., 2018; Raghavan et al., 2012; Ward et al., 2004; White et al., 2017 ) and climatic factors (52.94%, n = 9/17; Elder et al., 1986; Elder & Ward, 1978; Ghneim et al., 2007; Himsworth et In terms of modelling techniques, regression models were most commonly used (n = 12/17) ( Table 2 ). Among those, only three studies accounted for spatial autocorrelation in the residual of the models (Raghavan et al., 2011; Raghavan et al., 2013; Raghavan et al., 2012) . Using boosted regression tree, one study generated a national-scale predictive map of canine leptospirosis in the USA (White et al., 2017) , but this study did not address spatial autocorrelation in the residuals or prediction uncertainty. None of studies generated spatially structured prediction maps for animal leptospirosis incidence/prevalence.
| Modelling risk of both human and animal infection
Three articles from three countries assessed the effect of various covariates on both animal and human infection (n = 3/11; Chadsuthi et al., 2017; Della Rossa et al., 2016; Hurd et al., 2017) . All of them focused on the role of environmental factors and climate on human and animal infection. Of these, only two studies generated spatially structured models and addressed spatial autocorrelation (Della Rossa et al., 2016; Hurd et al., 2017) . No reviewed studies generated spatial prediction maps for both human and animal incidence/prevalence.
| Temporal modelling as tools for leptospirosis outbreak detection
Nine studies performed time-series (temporal) regression at national (Chadsuthi, Modchang, Lenbury, Iamsirithaworn, & Triampo, 2012; Desvars et al., 2011; Joshi, Kim, & Cheong, 2017; Lee et al., 2014; Ward, 2002b; Weinberger et al., 2014) and subnational levels (Coelho & Massad, 2012; Deshmukh et al., 2018; Matsushita et al., 2018) to assess the effect of climatic variables and forecast leptospirosis outbreaks for humans (n = 6; Chadsuthi et al., 2012; Coelho & Massad, 2012; Deshmukh et al., 2018; Desvars et al., 2011; Joshi et al., 2017; Matsushita et al., 2018; Weinberger et al., 2014) and canine infection (n = 2; Lee et al., 2014; Ward, 2002b) (Table 3) . Various temporal resolutions ranging from daily to monthly infection data were used with various time spans ranging from 7 to 16 years. Most studies included climatic factors such as precipitation, temperature and humidity as predictors (n = 8/9) in the models. One study investigated the effect of El-Nino Southern Oscillation (ENSO) components (e.g., sea surface temperature anomaly, southern oscillation index and oceanic Nino index) on human leptospirosis incidence in New Caledonia (Weinberger et al., 2014) . Autoregressive models were used in three studies: human leptospirosis (n = 2) (Chadsuthi et al., 2012; Desvars et al., 2011) and canine leptospirosis (n = 1; Ward, 2002b) . One sub-national study in the Philippines employed distributed lag non-linear (quasi-Poisson) model to assess non-linear relationships between rainfall and leptospirosis and the role of flood events (Matsushita et al., 2018) .
| Model validation
Overall, model validation procedures to determine model accuracy were described in less than half of spatial modelling studies. Several measures were used to evaluate models including information criteria such as Akaike's information criterion (AIC), Bayesian information criterion (BIC), or deviance information criteria (DIC), Pearson chi-squared goodness-of-fit tests and Hosmer-Lemeshow test. Data partitioning (e.g., splitting the data into "training" and "testing" subsets) was often used to validate the models as well as internal crossvalidation (White et al., 2017) . The area under the receiver operator curve (AUC ROC) analysis Mayfield, Smith, et al., 2018; Zhao et al., 2016) was applied to determine discriminatory performance and predictive accuracy of the models.
| D ISCUSS I ON
This study is the first to review the application of spatial analytical methods in the field of leptospirosis epidemiology. Our review demonstrates the potential of spatial and temporal epidemiological approaches to improve our knowledge of human and animal leptospirosis and its possible applications for assisting future intervention strategies to reduce leptospirosis burden. However, this review has identified a number of methodological limitations of existing studies that hinders their ability to provide a sound evidence base to guide local control efforts to reduce the burden of leptospirosis in humans and animals.
The source and quality of leptospirosis infection data substantially underpin the validity of spatial epidemiological studies. 
TA B L E 3 Summary of papers dealing with temporal time-series modelling
Data source
Method(s)
Predictor ( Rainfall Rainfall (lag of 3 months) could be used to predict canine leptospirosis incidence in the United States and Canada
TA B L E 3 (Continued)
Indeed, our review noted that most studies have utilized leptospirosis notification data obtained from passive surveillance, which is likely to under represent the true incidence; although using notification data could be more feasible compared to conducting cross-sectional ecoepidemiological studies. It is noteworthy to acknowledge important disadvantages when using notification data, particularly for a disease such as leptospirosis, which is prone to being highly underreported. Of note, one concern with leptospirosis case ascertainment is that many endemic countries have limited laboratory capacity to undertake confirmatory diagnostic tests, so that the notification data may be primarily based on rapid diagnostic tests (RDT) or ELISA. Even these tests may not be routinely available throughout the country, and this could lead to significant underdiagnosis and underreporting. In addition, other issues including the sensitivity and specificity of the diagnostic methods used and discrepancies in reporting systems may also impede the quality of such notification data. To further compound this problem, we identified several studies that did not clearly state the diagnostic tests or the case definitions used. These issues may greatly affect the clarity and quality of the data and thus lead to uncertainty about the geographical distribution of leptospirosis. This could misguide policymakers when developing strategies to efficiently target interventions to populations and areas at greatest risk. Given these limitations, future studies should carefully deal with the uncertainty in the epidemiological data.
In terms of spatial analysis approach, a considerable number of studies have used visualization techniques to produce incidence, prevalence and case distribution maps. Indeed, maps could be useful to assist health authorities to understand the geographical distribution of cases or risks. However, there are some common issues that need to be carefully addressed when producing maps so that they are not misinterpreted. Besides the quality of data, the validity of the outcome of spatial and temporal analyses is greatly dependant on the spatial scale at which the analysis was performed, the type of data used (point or areal data), and how aggregation of areal data was conducted.
In particular, mapping geographical distribution of Leptospira serogroups or serovars identified in humans, host animals and environment is also of great importance; yet, our review indicates that this is still poorly explored. Such maps could be beneficial to support vaccine development (mainly for animals) and to better design control programs (e.g., identifying key animal sources of human infection Exploring spatial clustering of leptospirosis prior to modelling is fundamental for understanding spatial dependency of cases (Lawson, 2013) . Furthermore, investigation of the presence of spatial dependence is a first step for deciding the best modelling approach for quantifying predictors of disease and predictive risk mapping. Our review demonstrates significant variation in the application of techniques used to test for spatial clustering, which requires systematic analysis as demonstrated by some of the studies reviewed here Rood et al., 2017) . To detect spatial clustering, both global and local indices of spatial autocorrelation should be estimated, and it is also important to consider the type of the data (areal or point data) when choosing methods. Our review highlights that almost all studies have overlooked the importance of assessing spatial autocorrelation in the residuals of non-spatial models. It also appears that most studies solely evaluated spatial autocorrelation, but when present, did not incorporate it into the modelling framework. Ignoring spatial dependence in the data can give rise to spurious associations, inaccurate and biased parameter estimations and spatial risk predictions (Dormann, 2007; Pfeiffer, 2008) .
Another step for exploring spatial dependence involves the utilization of spatial cluster detection techniques; by far the most commonly used by the studies reviewed here was Kuldorff's Spatial Scan statistic (SaTScan). This method allows researchers to estimate the relative risk inside and outside identified geographical clusters of disease by using predefined scanning windows and Monte Carlo simulation (Kulldorff & Nagarwalla, 1995) . Despite its simplicity, there was no standard selection of thresholds across studies for the shape and size of the cluster scanning window (~10%-50% of the population at risk) as the size and shape selection may depend on the nature of the data and their objectives. All studies assumed that disease clusters were circular, while ecologically, the disease often forms irregularly shaped clusters (e.g., due to variation in a population or environmental characteristics). The use of circular scanning windows may reduce the chance to detect non-circular shaped clusters. To better detect and deal with irregularity of the disease clusters, alternative cluster detection tools could be used for future studies, such as FlexScan or a multidirectional optimal ecotope-based algorithm (AMOEBA; Aldstadt & Getis, 2006; Ramis, Gomez-Barroso, & López-Abente, 2014; Zhu et al., 2016) .
Our review shows that large number of spatial modelling studies assessed the association between physical environment (e.g., altitude, vegetation, proximity to water bodies, sewerage systems or waste) and climatic factors on leptospirosis, suggesting the high importance of the environment on leptospirosis transmission, while factors associated with sociodemographic conditions (e.g., urbanization, poverty) and animal hosts seem to be overlooked by many studies. In the context of zoonotic disease control, it is recognized that a One Health approach has greater potential to effectively control disease burden than focusing on human disease alone. Such One Health framework should therefore be accommodated in future spatial models (i.e., the inclusion of animals host factors along with environment predictors and social determinants of health) to provide more comprehensive evidence for decision-making processes.
In terms of modelling methodology, the majority of spatial modelling studies reviewed here used a range of traditional regression models (frequentists) and very few have applied modelling techniques (e.g., Bayesian geostatistics methods) that fully address spatial autocorrelation. A disadvantage when using standard statistical modelling techniques is that they assume independence of observations and do not account for potential spatial dependency between neighbouring locations. When overdispersion or the effect of spatial dependence on the data is ignored, the standard errors could be underestimated and hence increase the risk of type I errors (Pfeiffer, 2008 Lau et al., 2017; Pittavino et al., 2017) have also been used in a few epidemiological studies in leptospirosis. The former provides opportunity to better deal with spatial non-stationarity of covariates in the models (Fotheringham, Brunsdon, & Charlton, 2002) , while the latter has the ability to effectively reveal and describe the complexity of relationships between variables in disease system (Landuyt et al., 2013; Lewis & McCormick, 2012) . To help enhance understanding of leptospirosis transmission and predictive maps, further studies should be directed on exploring such non-traditional modelling techniques and incorporating spatial and temporal elements into the models. All of these methods may allow researchers to produce more robust and better predictive risk maps for leptospirosis to better inform health managers on planning leptospirosis control. However, as the models become more complex and more advance modelling techniques being used, it may greatly need considerable time, technical skill requirements and computational capacity. For instance, using Bayesian geostatistical models could take hours or even days to run the model, while some techniques (e.g., spatial BNs) could be much faster and almost instantaneous.
Recent study in Fiji offers promising approach to better understand leptospirosis transmission under various socio-ecological scenarios by using spatial Bayesian Networks (Mayfield, Smith, et al., 2018) .
Assessing the effect of climate variability (e.g., precipitation, temperature, ENSO) on leptospirosis risk allows researchers and public health officials to forecast when outbreaks may occur. It should be noted that one of the critical limitations of the conventional timeseries modelling (e.g., ARIMA) is that it mainly assesses linear relationships of variables within the time-series data (Zhang, Zhang, Young, & Li, 2014) , while the relationships between variables and infection are commonly non-linear. To better address this non-linearity of associations, some techniques could be used in the future model such as distributed lag non-linear models (DLNM; Gasparrini, Armstrong, & Kenward, 2010 (Carvajal et al., 2018; Chen et al., 2018; Guo et al., 2017; Hu et al., 2018) . Future studies should be directed on exploring such machine learning methods in modelling leptospirosis transmission.
| Framework for the application of spatial analytical tools for leptospirosis studies
We proposed a general framework that could guide for the ap- 
| Limitations
Publication bias is an important limitation which should be considered when interpreting our findings. Our review solely relied on published research manuscripts, and we did not take into account another types of publications (e.g., theses or dissertations, conference proceedings). In addition, most studies captured by our systematic search came from a limited set of countries; this may reflect substantial issues within the countries regarding the availability of the data due to technical issues (e.g., reporting systems, diagnostic capacity) in many endemic countries (Musso & La Scola, 2013; Schreier, Doungchawee, Chadsuthi, Triampo, & Triampo, 2013) , poor public awareness and knowledge on recognizing the disease (Mohan & Chadee, 2011) , and variation in surveillance systems (Costa et al., 2012) .
| CON CLUS IONS
While the use of spatial and temporal analyses has been greatly appreciated in the field of leptospirosis research, the quality of Box 1 General framework for the application of spatial analytical tools for leptospirosis studies Leptospiral infection data could be obtained from either notification or surveys. Case definitions and methods used to diagnose leptospiral infection should be clearly reported. Prior to the analysis, spatial data type should be determined as point or areal data (by aggregating the data into certain level of spatial unit) as well as the spatial and temporal unit of analysis. Incorporating a wider range covariates (e.g., human and animal hosts, climatic, physical environments, socioeconomic) into the analysis would improve understanding the determinants of the geographical variation of risk of leptospirosis. Geographical and temporal patterns of disease risk are considered influenced by the heterogeneity in hosts (including humans and animals), climatic and physical environments, socio-demographical and also the quality of existing control measures. The spatial and temporal resolutions of those covariates should mirror the resolution of the epidemiological data. Based on the type of spatial data, using GIS tools (e.g., point or zonal mean statistics), the value of each covariate could be sampled.
The basic step of spatial analysis is visualization, which aims to describe patterns in the infection data. Data could be presented as point or choropleth to describe prevalence/incidence or standardized morbidity ratio. To investigate the spatial pattern of the data, according to the type of the data (point or areal data), appropriate statistical tests are carried out to test global (first-order) and local (second-order) spatial clustering. These tests are essential for exploring disease distribution over space (e.g., random or clustered over the space) and to locate high-risk areas. The ultimate objective of spatial and/or temporal analysis is to quantify risks and generate spatial and/or temporal prediction models. This stage employs both non-spatial and spatial regression techniques. All potential covariates are included and selected using fixed-effect regression model. Spatial autocorrelation in the residuals of the final models should be assessed, both by using global and local tests.
Models with the ability to incorporate a spatial dependence component (i.e., Bayesian geostatistical model) are the most relevant to use when spatial autocorrelation is evident. Spatial regression models for risks (prevalence or incidence) could be constructed in Bayesian statistical software, for example, OpenBUGS version 1.4 (Medical Research Council Biostatistics Unit, Cambridge, UK and Imperial College London, London, UK). All models should include all selected covariates as fixed effects plus a geostatistical random effect, in which spatial autocorrelation between locations is modelled using an exponentially decaying autocorrelation function. The outputs of Bayesian models, including parameter estimates and spatial prediction at unsampled locations, are termed as "posterior distributions." The posterior distributions in terms of the posterior mean and standard deviation then could be mapped using GIS software. This map is known as predictive risk maps. Further details on Bayesian model-based geostatistics techniques can be found elsewhere (P. Diggle & Ribeiro, 2007 
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